Hitherto, most quantitative trait loci of maize growth and biomass yield have been identified for a single time point, usually the final harvest stage. Through this approach cumulative effects are detected, without considering genetic factors causing phase-specific differences in growth rates. To assess the genetics of growth dynamics, we employed automated non-invasive phenotyping to monitor the plant sizes of 252 diverse maize inbred lines at 11 different developmental time points; 50 k SNP array genotype data were used for genome-wide association mapping and genomic selection. The heritability of biomass was estimated to be over 71%, and the average prediction accuracy amounted to 0.39. Using the individual time point data, 12 main effect marker-trait associations (MTAs) and six pairs of epistatic interactions were detected that displayed different patterns of expression at various developmental time points. A subset of them also showed significant effects on relative growth rates in different intervals. The detected MTAs jointly explained up to 12% of the total phenotypic variation, decreasing with developmental progression. Using non-parametric functional mapping and multivariate mapping approaches, four additional marker loci affecting growth dynamics were detected. Our results demonstrate that plant biomass accumulation is a complex trait governed by many small effect loci, most of which act at certain restricted developmental phases. This highlights the need for investigation of stage-specific growth affecting genes to elucidate important processes operating at different developmental phases.
INTRODUCTION
Identification of the genetic causes of phenotypic variation is a major step towards crop improvement. Many agronomic traits, however, are complex and governed by many genes, each with a small effect. Dissecting the molecular basis of such complex traits requires genotyping and phenotyping of suitable mapping populations, enabling quantitative trait locus (QTL) mapping, which has been widely carried out in crop plants (Salvi and Tuberosa, 2015) .
In maize, QTL analysis has been strongly supported through sequencing and assembly of the reference genome (Schnable et al., 2009) and derived genotyping approaches (Elshire et al., 2011; Ganal et al., 2011; Unterseer et al., 2014) , and has been applied to a wide variety of morphological and physiological traits (Hao et al., 2011; Zheng and Liu, 2013) . These and the vast majority of other QTL studies in plants assessed the expression of traits at a certain stage, frequently at final harvest or at the time point when a certain developmental stage such as flowering and kernel architecture has been reached (Buckler et al., 2009; Hung et al., 2011; Cook et al., 2012) . More recently, some studies have been reported on dynamically acting genetic factors in plants assessed via monitoring trait expression at multiple time points (Yan et al., 1998; Bian et al., 2013; Busemeyer et al., 2013; Moore et al., 2013; Liu et al., 2014; W€ urschum et al., 2014a,b; Bac-Molenaar et al., 2015) .
While the importance of mapping QTL that determine complex dynamic processes has been pointed out and approaches such as functional mapping for the identification of dynamic QTL have been proposed (Wu and Lin, 2006) and recently put into the wider perspective of the phenotype as a dynamic system (Sun and Wu, 2015) , until now most genetic studies of biomass production and yield formation in crops have focused on a specific or final growth stage (Rae et al., 2009; Zheng and Liu, 2013; Li et al., 2014) . This was mainly due to the limitations to repeatedly assess the traits either through the destructive nature of the measurement procedure [e.g. determination of plant fresh (FW) or dry weight (DW)] or by the daunting task of manual/visual monitoring of entire mapping populations at multiple defined time points (Montes et al., 2007; White et al., 2012) . Consequently, the requirement of collecting trait expression values at a sufficient number of time points to support the fitting of mathematical models (e.g. sigmoid growth curves) as a central step in functional mapping could rarely be met, and the dynamics of trait formation through progressive time points could hitherto only be addressed in a few cases (Heuven and Janss, 2010; Sillanp€ a€ a et al., 2012) . Thus, QTL and corresponding genes, alleles of which differentially affect plant growth during various developmental phases, may have largely escaped detection despite the importance of plant biomass accumulation, in particular in case of a forage and bioenergy crop such as silage maize.
High-throughput automated plant phenotyping approaches offer attractive solutions towards the need of repeated non-destructive measurement of the individuals of large mapping populations (Montes et al., 2007; Furbank and Tester, 2011; Nagel et al., 2012; Pereyra-Irujo et al., 2012; Chen et al., 2014; Junker et al., 2015) . Alongside technical platforms for automated movement and imaging of plants, powerful image analysis pipelines capable of processing thousands of digital photos and designed to derive proper 11, 15, 22, 26, 30, 34, 38 and 42 days after sowing (DAS). The images of 11 and 15 DAS were taken at an elevated carrier position and with a different zoom setting to the remaining images. For better comparison, the presented pictures are all scaled to the same size. The length of the reference mark (+) is 10 cm, the distance between the two reference marks (++, centre to centre) is 74 cm.
estimates of the plant architectural features and their biovolume (closely related to biomass) have been established that support the analysis of hundreds to thousands of individuals (Klukas et al., 2014) . Furthermore, efficient procedures for processing of the enormous sets of image-derived quantitative trait values and to derive biologically interpretable information have been implemented .
Recently, a population of 647 doubled haploid triticale lines have been evaluated in a field trial using a partially replicated design and a field phenotyping platform ("BreedVision") that was used to derive plant biomass and height estimates at three developmental stages and to map QTL showing main and epistatic effects (Busemeyer et al., 2013; Liu et al., 2014; W€ urschum et al., 2014a,b) . In addition to QTL with detectable effects at all three developmental stages, also QTL effective at two stages or only one stage were identified emphasizing the existence of permanently expressed QTL and stage-specifically expressed QTL. Similar dynamics were observed for the epistatic interactions, the patterns of which also differed at the three stages.
Here we used a high-throughput plant phenotyping platform to investigate the genetics of the growth dynamics of a deeply genotyped diversity panel of 252 maize inbred lines cultivated in replicated experiments in a climate-controlled glasshouse. The phenotype data collected at 11 different developmental time points [11-42 days after sowing (DAS)] were used for genome-wide association studies (GWASs) applying univariate, multivariate and functional mapping approaches.
RESULTS

Phenotyping of the diversity maize panel and quality of phenotypic data
A maize diversity panel consisting of a total of 251 Dent and 10 flint inbred lines originating from Germany, France, Spain, Italy, Canada and USA (Table S1 ) was investigated. The dent lines were selected from a panel of 300 dent lines (Rincent et al., 2012) , with the aim to best represent a wide range of biomass-and bioenergy-related traits Strigens et al., 2012; Rincent et al., 2014) . The flint lines were included as representatives of the complementary European heterotic group.
We used an automated high-throughput plant phenotyping platform (APPP) that permits repeated estimation of the biovolume of plants through imaging at multiple time points (Junker et al., 2015) . After quality check, biovolume estimates collected for plants of 252 maize inbred lines at 11 different time points during vegetative growth in three successive cultivations (11, 22, 26, 28, 30, 32, 34, 36, 38 and 42 DAS; examples of acquired plant images are shown in Figure 1 ) were used for the further analyses. FW and DW values manually measured at final harvest (42 DAS) correlated strongly with the image-derived biovolume estimates (r > 0.9 for the three cultivations; Figure S1 ). The relations of the image-derived biovolumes estimated at different growth stages with the destructively measured biomass (FW, DW) of the same individuals were assessed in a separate validation experiment: five dent lines were selected SNPs marked in bold refer to the MTAs detected for single time points (through univariate GWAS), SNPs marked in italic refer to the ones detected applying the non-parametric functional mapping approach (Kwak et al., 2016) , the SNP marked in bolditalics and the ones marked with the asterisk were detected by GWAS using the AR1h-AM multivariate mixed linear model.
from the aforementioned panel as to represent the full range of biomass variation. Five plants per line were each cultivated until 13, 20, 27, 34 and 41 DAS, and subjected to imaging and to FWs and DWs determination. Correlations were high at all five time points, ranging from r = 0.871-0.987 (P < 0.001) for FW and from r = 0.720-0.980 (P < 0.001) for DW (Table S2 ). To determine the relevance of data obtained under the controlled environment (APPP) of the present study for field conditions, we used published field data of a subpopulation comprising 126 genotypes Strigens et al., 2012) . The correlation between estimated biovolume (APPP) and fresh biomass (field conditions) was significant, with r = 0.33 (P < 0.001) and r = 0.30 (P < 0.001) at 32 DAS and at final harvest, respectively. High broad-sense heritabilities ranging from h 2 = 0.71 (determined at 30 DAS) to h 2 = 0.81 (determined at 22 DAS) were observed for the plant biovolume estimates at all the 11 developmental time points ( Figure S2a ). Variance components analyses showed that genotypic variance has the largest contribution, followed by residual and genotype 9 cultivation variance, which were small across the entire growth period ( Figure S2b ). Phenotypic correlations across different developmental points decreased with increase of time interval, and higher correlations were found towards later developmental time points ( Figure S3 ).
Dynamic biomass accumulation and production
The aforementioned results of the correlation analyses across the different developmental time points indicated substantial differences between early and late growth rates. As a first step towards assessment of the growth dynamics, we attempted to model the biovolume changes of the 252 maize inbred lines by fitting logistic growth curves (examples are shown in Figure S4 ). The correlations between the fitted and the observed values (BLUEs) of all 252 lines were high at 22 DAS and later time points (≥ 0.96; Figure S5 ). A good fit and large genotypic variation with high broad-sense heritability (h 2 = 0.72) was observed with respect to the inflection point, one of the most important model parameters.
Genome-wide prediction of biovolume and its dynamics
The observed high heritabilities encouraged us to evaluate the potential of genome-wide prediction of estimated biovolume using RR-BLUP in combination with fivefold cross-validations. RR-BLUP can be interpreted as an approximation of the infinitesimal model (Lorenz et al., 2011) , assuming that all markers contribute to the phenotypic variance. Prediction accuracies increased from 0.28 (at 11 DAS) to 0.47 (at 26 and 28 DAS), and then declined again to 0.31 at 42 DAS. The inflection point could be predicted with an accuracy of 0.35.
Detection of main effect marker-trait associations (MTAs)
Univariate association mapping models were applied to detect main effect marker loci of biomass accumulation (biovolume estimates) at the 11 individual time points. A total of 12 significant MTAs were detected, with marker loci distributed across the 10 maize chromosomes (Table 1) . These MTAs were significant only at a single or a few consecutive time point(s) being effective over different durations and in different developmental phases (Figures 2, S6 and S7) . They showed a very clear pattern of decreasing (nine markers) or increasing (three markers) effects over the full growth period ( Figure 2 ). The five most significant markers were also tested for their effects on relative growth rates (RGRs) calculated for the three intervals 11-22, 22-32 and 32-42 DAS. Three markers showed significant effects on RGR in at least one interval. The direction of the allelic effects of these three markers reversed from positive to negative (or vice versa) in the course of the developmental progression (Table S3) . Although not significant for the three intervals investigated, a similar tendency of reversal of the allelic effects over time was observed for another marker.
Detection of epistatic interactions
To uncover potential functional interrelations of the detected main effect markers, we investigated their epistatic interactions and detected six pairs of markers, displaying different interaction patterns across the developmental time points (Figures 3, S8 and S9) . While three pairwise interactions of two different markers each were observed for the earlier time points, a major locus (PZE.105095571, itself effective from the medium early to the late stages) interacts with three further loci effective at different and more restricted time periods (Figures S8 and S9) .
Contributions of the 12 major marker effects and the epistatic effects to the total genotypic variance
The contributions of the 12 major marker effects and the six pairs of epistatic interactions to the genotypic variance were small, with maximum values of 12.0 and 6.2% for major effect maker ( Figure 2 ) and epistatic interaction effects (Figure 3 ), respectively. In both cases, their overall contribution was high at early stages of growth and decreased with time, showing a change of the genetic landscape with developmental progression (Figures 2 and 3). It is remarkable that the largest number of markers with significant effects on biomass production was detected at the earliest investigated time points, a phase that also coincided with the highest proportion of genotypic variance explained by the major marker effects and the epistatic interaction effects.
Detection of MTAs through functional mapping
To investigate genetic factors that affect parameters of growth models, we started out to use the estimated inflection points of the fitted logistic growth curves mentioned above for association mapping. However, despite the high heritability observed for the inflection points, no significant MTA was detected. Considering the lack of detectable marker effects for a central parameter of this particular growth model, we embarked on testing marker associations to function-valued traits using the more flexible non-parametric functional mapping approach, according to Kwak et al. (2016) . This resulted in the detection of three significant MTAs ( Figure 4a ). Also these markers, which showed no significant association with the estimated biovolume at any individual time point, showed different patterns of effects over the developmental progression resulting in increasing and decreasing phenotypic differentiation of the respective alternative genotypic classes over time (Figure 4a) .
Moreover, we applied multivariate association mapping models to detect MTAs explaining the dynamics of biovolume changes. Among the three tested multivariate models, AR1h-AM displayed the lowest Bayesian Information Criterion (BIC) value and was therefore applied. We detected three significant MTAs, of which SNP PZE.105102856 was neither detected in the univariate association mapping (MTA testing at individual time points) nor in the non-parametric functional mapping approach. Nevertheless, the effect of this marker also displayed the interesting pattern of dividing the population of 252 lines into two groups with significant differences in growth speed, restricted to a limited phase of development, in this case the mid to late stages of growth (Figure 4b ).
DISCUSSION
Non-destructive high-throughput phenotyping of the maize diversity panel
The high heritability estimates and the high fraction of the variance attributed to genotype (G) with rather small variance component of genotype 9 cultivation interaction (G 9 C) and the correspondingly low residual variance, showed that trait expression was highly reproducible under the controlled environmental conditions imposed in the automated high-throughput system used in the present study to phenotype 261 maize inbred lines. This is consistent with previous observations by Junker et al. (2015) on a smaller panel of maize lines evaluated with high replication and in different cultivations in the same facility, who found non-significant genotype 9 cultivation interaction. This supports the reliable detection of genetic effects even when the population panel was evaluated using an incomplete block design with relatively low numbers of overlapping genotypes across the blocks. Furthermore, the significant correlations observed between the results obtained from the glasshouse cultivation with those obtained under field conditions imply that at least some of the detected genetic factors are also of relevance to field performance, and that the principle observations on developmental-phase specific effects of marker loci are also true for growth of plants in the field. The strong temporal variation of the environmental conditions in the field may, however, cause difficulties to detect these effects as they may be overridden or masked by the plants responses to weather conditions and changes in resource availability and the effects of the genetic factors controlling these responses.
The observed very strong correlations (r > 0.9) between the image-derived biovolume estimates and the plant weights both measured at 42 DAS in all three cultivations of the main experiment performed here and in particular the strong correlations (r > 0.87) observed in a separate validation experiment across all growth stages considered here verify that the image-derived biovolume estimate is a good surrogate trait of real plant biomass. It offers the unique opportunity of collecting data on the dynamics of the plant biomass trait expression over time through largescale non-invasive measurements supporting quantitative genetics approaches such as GWAS in combination with information gained through growth modelling.
The pattern of trait correlations over time
The observed pattern of correlations of the biovolume trait across the investigated time points ( Figure S3 ) may indicate that different genetic factors are operative during developmental progression and that their effects cumulate over time. It may furthermore give a hint that the genetic factors operative at later stages are not much larger in number or much stronger in effect than those acting at early stages. Another, not mutually exclusive, explanation would be a tendency of progressively occurring effects having the same direction.
Genome-wide biovolume prediction
High heritabilities and high fractions of estimated genotypic variance are excellent preconditions to test the potential of genome-wide selection (GS) procedures for trait prediction. GS is a marker-based method that predicts breeding values on the basis of a large number of molecular markers, which typically cover the entire genome (Meuwissen et al., 2001) . It attempts to estimate the effects of all QTL or genomic regions simultaneously, and then integrates these estimates in prediction of the total breeding value. The prediction accuracies of GS for biomass, which under simplifying assumptions can be interpreted as an estimate of the genomic heritability (de los Campos et al., 2015) , were moderate at each of the 11 developmental time points showing a maximum at approximately 26-30 DAS. This pattern was not reflected by the observed heritabilities of the estimated biovolume, which were rather steady across all analysed time points ( Figure S2a ). Plant growth may, however, during this middle period be affected by the largest number of effective genetic loci albeit with very weak individual effects. In fact, the MTAs identified through the performed univariate GWAS were either significant in the early or the late developmental stages. Nevertheless, although too weak to be individually detectable, there may still be influences of the early active loci and already effects of the late active loci (a) Illustration of the allele effects of the three markers detected using the non-parametric functional mapping approach according to Kwak et al. (2016) , PZE-102117667, PZE-102183761, PZE-104022620 at progressive days after sowing (DAS). The left axis refers to the estimated biovolume (biomass) value, which is recognized as the Box-Whisker plots and the average biomass value for each of the groups. (b) Illustration of the allele effects at progressive days after sowing (DAS) of marker PZE.105102856, which was solely detected through multivariate association mapping using the AR1h-AM model. The left axis refers to the estimated biovolume (biomass) value, which is recognized as the Box-Whisker plots, the average biomass value, and the fitted logistic growth curves for each of the groups. The right axis gives the minus log10(P-value) and the corresponding values are marked as green asterisks. Horizontal green lines denote the two significance thresholds of marker trait-association (MTA) using Bonferroni-Holm correction for multiple testing.
overlapping in this phase and thus jointly supporting best the GS model.
Main effect loci detected through MTAs show complex developmental phase-specific patterns of expression
The remarkably clear temporal patterns of: (i) declining; or (ii) increasing effects of the two groups of detected marker loci show that they act in a developmental stage-dependent manner. The biomass of a plant at a certain stage, however, reflects the entire growth history of that plant up to that time point and is an integration of all effects that occurred previously. In contrast, determining RGRs supports the assessment of more acute growth properties of the plants. Such analyses are only feasible with nondestructive size measurements as carried out here, which can be applied repeatedly to the same individuals. As RGR is calculated from two measured values (at the start and the end of the respective interval) and only the change over this time interval is considered (Poorter and Lewis, 1986) , RGR values are inherently noisier than absolute biomass (biovolume) values. Nevertheless, significant effects on the RGR in at least one of the three intervals were detected for three of the five marker loci tested (Table S4) . The observed clear tendencies of changes of the effects on RGR over time, even with the reversal of the allelic effects of four of the five marker loci, provides an explanation to the aforementioned phenomenon of a decline or even loss of detectable effect of a locus on biomass over time: a positive (or negative) effect on the biomass of a plant gained at an early stage should, in principle, be propagated into later stages (even if no further positive effect is exerted by the marker allele during the later stages), and should thus also be detectable at the later stages, unless a reversal of the allele effects would reduce or even cancel out the growth advantage (or disadvantage) gained at the earlier stages. QTL of RGR have been detected in several plant species, such as barley (Elberse et al., 2004; Poorter et al., 2005) , willow (Weih et al., 2006) or rice (Kato et al., 2008) , but usually only a single time interval is analysed and differences of QTL effects on RGR over time are not investigated. In a recent study on barley introgression lines, which involved the use of a similar phenotyping platform to monitor growth over several weeks with daily imaging, a single RGR integral value was calculated from the measured growth curves for each genotype, but no QTL were identified (Honsdorf et al., 2014) . The observations made in the present study highlight the prospects of using timeresolved precision-phenotyping to detect growth phasespecific QTL effects on RGR.
Patterns of epistatic interactions change across developmental time points
Epistasis, non-additive genetic interactions among loci, can contribute to the genetic architecture of many complex traits (Buckler et al., 2009; Huang et al., 2012) . The results obtained in the present study showed that effects of epistatic interactions of marker loci exhibit multiple patterns of increases or decreases over time, and that they persist over different periods of time (Figures 3 and S8) . Furthermore, some marker loci interacted with different marker loci at different time points (Figures S8 and S9 ; Table 1 ). Thus, not only main-effect marker loci largely act in a developmental phase-specific manner, but also the patterns of interactions between different genetic factors and their effects on the growth of plants change over time.
Genome-wide prediction of growth model parameters and functional association mapping
Functional mapping approaches (Wu and Lin, 2006) test genetic effects on model parameters that describe the dynamic properties of a process, for example the shape of a growth curve, or that use function-valued traits for association mapping. Plant growth is complex and various mechanistic growth models have been established (Karkach, 2006; Thornley and France, 2007; Paine et al., 2012) , including the logistic model (Karadavut et al., 2008 (Karadavut et al., , 2010 , which was applied here. In agreement with conclusions of previous studies, for example using Arabidopsis or barley (Paul-Victor et al., 2010; Z€ ust et al., 2011; Tessmer et al., 2013; Chen et al., 2014) , our results indicated that the logistic model is well suited to describe growth/biomass accumulation of maize plants ( Figure S4 ) and to derive important model parameters such as the inflection point, which is the time point of maximum growth rate. Despite the large genotypic variation of this parameter, its high broad-sense heritability and its good genome-wide prediction accuracy of 0.35, no significant individual MTAs could be detected. This observation may be explained by a very large number of involved genetic factors, each with too weak of an effect to be detectable as significant MTA. On the other hand, application of the non-parametric functional mapping approach developed and used by Kwak et al. (2016) , which involves data smoothing (deriving function-valued traits from fitted B-splines), dimensionality reduction (to functional PCs) and multi-QTL mapping resulted in the successful detection of three MTAs. While their effects were not significant at any individual time point, they nevertheless explained a maximum of 1.33, 1.77 and 7.9%, respectively, of the genetic variance at individual time points (Table 1) . The progressive biovolume changes of the lines grouped according to these marker alleles differed markedly from each other, confirming substantial growth effects of genes linked to the markers in certain developmental phases (Figure 4a ).
To detect further marker loci with potentially even more complex interaction with developmental stages thus reflected in marker 9 developmental time point (M 9 D) variance, three different statistical model approaches for biomass accumulation and production were tested. M 9 D can be defined as the ability of an individual genotype to alter its morphology/physiology as a result of an intricate interplay between marker locus and developmental time point. The statistical models used allowed for quantification of M 9 D variance, because they account for dynamic loci and test all detected MTAs at all different growth points and thus show their effects at each different developmental time point. It is reasonable to assume that M 9 D variance occurs, if the locus effect is strongly expressed in one developmental time point but weakly in another, or if the marker locus has opposite effects on the biomass accumulation and production at different developmental time points. Among the three models tested, the AR1h-AM model performed best in detection of dynamic loci with the highest explained variance. One of the three significant MTAs thus observed was solely detected using this model. While its estimated effect of 4.2 on the final biovolume of maize plants is remarkable (Figure 4b ), this marker locus was not detected as significant at any of the 11 days individually, which demonstrates the enhanced power of detection of genetic effects by jointly using the information collected at all time points. It has also not been detected through the functional association mapping approach indicating the complementarity of the multivariate approach involving the AR1h-AM model. Interestingly, in contrast to the loci detected using the univariate association mapping models mentioned above, which expressed either at the early or the late developmental stages, this marker locus showed particular effects in the mid phase (Figure 4b ).
Only a subset of the detected loci has been identified in previous studies
The power and complementarity of the approach taken in the present study to map loci affecting growth dynamics using HTP precision phenotyping in a controlled environment and involving univariate, functional and multivariate association mapping procedures is highlighted by the limited overlap of the loci detected here with those observed in previous studies.
A GWAS performed on field phenotyping data of test cross-hybrids generated from a largely overlapping population of 276 dent lines (Rincent et al., 2014) derived from the same basic diversity collection of 300 lines (Rincent et al., 2012) identified two loci significantly associated with plant height and one locus significantly associated with dry matter yield, which were all separate from the 16 marker loci detected here. In another GWAS applied to field data of a related, partially overlapping population of 289 dent lines, significant MTAs were neither detected for early biomass (at 32 DAS), nor for plant height or dry matter yield at maturity (Riedelsheimer et al., 2012) .
Several previously detected QTL with established effects on plant height, ear height, number of plant nodes, flowering time, grain yield, drought and low nitrogen tolerance were found to coincide with marker loci identified in the present GWA study. However, because many QTL analyses performed using linkage mapping (e.g. involving RIL or DH populations) result in large QTL confidence intervals (Messmer et al., 2009; Hao et al., 2010; Li et al., 2010; Almeida et al., 2013; Penning et al., 2014; Park et al., 2015) and the respective individual linkage maps may vary greatly (Semagn et al., 2013) , relatively wide chromosomal segments have to be considered and such co-locations have thus to be regarded as tentative. Nevertheless, Peiffer et al. (2014) showed that the strongest GWAS associations were often located near the most robust family-nested QTL. In the very elaborate study of Peiffer et al. (2014) , the nested association mapping families developed by the Maize Diversity Project (McMullen et al., 2009) , the intermated B73 9 Mo17 family (IBM; Lee et al., 2002) and the North Central Regional Plant Introduction Station (NCRPIS) diversity panel (Romay et al., 2013) were analysed for plant height, ear height, flowering time and node counts in 13 environments. Among the 35, 22 and 35 top height-associated QTL/QTN detected through joint linkage mapping of QTL, joint-linkage-assisted GWAS across RILs, and GWAS in the NCRPIS panel, respectively, five of the 16 marker loci detected in the present study (SYN7010, SYN7969, PZE-106047590, PZE-106105143, SYN22194) had matching positions. One of these positions also relates to a QTL region for plant height detected by Park et al. (2015) . Three of the markers (SYN7010, SYN7969, PZE-106105143) and two other markers (PZE-109041871; PZE-110073407) also coincided with QTL affecting maize grain yield (Messmer et al., 2009; Hao et al., 2010; Li et al., 2010; Almeida et al., 2013) , and the latter of the two markers (PZE-110073407) is also located near QTL positions for drought tolerance index (Guo et al., 2008) and for drought and low nitrogen tolerance (Malosetti et al., 2008) . The limited matches between the loci detected here and those previously identified even using very similar genetic material or very large sets of mapping populations indicates that the approach used in this study represents a powerful tool for the identification of genetic factors controlling plant growth, and highlights the need to assess the dynamics of the investigated developmental processes over time.
Finding the causative genes among those located within a QTL can be very tedious (Penning et al., 2014) . Taking advantage of high-density marker genotyping tools (Elshire et al., 2011; Ganal et al., 2011; Unterseer et al., 2014) and natural variation in SNPs within a diversity panel, GWAS offers the advantage of high genetic resolution and the limited extent of the genomic region around associated markers in which to search for causative genes. A total of 182 genes were found to be harboured in the detected marker regions, of which 54 have been annotated (Table S5) . Two of the genes, AC215286.2_FG002 and GRMZM5G859954, are in the category of cold response genes. The GRMZM5G859954, a main effect locus, located on chromosome 2 is expressed at early stages of seedling development (11 DAS). The gene AC215286.2_FG002 located on chromosome 1 interacts with other genes on chromosome 9, at the early stages of seedling development (11 DAS). Cold response genes would be important at early stages of seedling development as they are likely to influence early biomass production during the late spring. Several genes are involved in transport and photosynthesis (Table S5 ). However, further information such as allele-specific expression time series data will be required to support the selection of the most appropriate candidate genes.
Association mapping of growth dynamics enabled through HTP precision phenotyping offers a powerful entry into the identification of growth controlling genes in plants
The observation that genetic factors influence biomass accumulation and production in a developmental phasespecific manner implies that the corresponding genes are either selectively expressed at different growth stages or their functions are required (or growth-limiting) only in certain developmental phases. The aforementioned changes (and even reversal) of allele effects over time may be explained by shifts in the phases of expression of the two alleles: thus, if the phase of expression of one allele of a (growth-promoting or -supporting) gene would occur earlier than that of the alternative allele, the early expressed allele would exert a positive effect at this early stage, while the opposite (late expressed) allele would be ineffective (negative) at this stage but would gain a positive role at the later stage when it is expressed. At this later stage, the early expressed allele would shut down and become ineffective and would turn into the negative one. Indeed, such heterochronic allele-specific expression has been observed in plants: Cong et al. (2002) reported heterochronic variation of alleles of the FW2.2 gene during tomato fruit development, and Guo et al. (2003) observed heterochronic allelic expression variation of three genes during endosperm development of maize hybrids. Differences in the allelic expression ratio in different organs or at different developmental stages have furthermore been reported for maize hybrids (Guo et al., 2004 (Guo et al., , 2006 Springer and Stupar, 2007) , interspecific poplar hybrids (Zhuang and Adams, 2007) and barley hybrids (von Korff et al., 2009 ). The concept of favourable allele-specific gene expression patterns could easily be expanded into interaction networks of genes representing epistatic relationships. Monitoring genome-wide allele-specific expression may thus support the identification of the causal genes within QTL regions and to unravel interactions among multiple loci. Such kinds of investigations would require simultaneous assessments of time courses of gene expression patterns and phenotype formation (such as plant biomass accumulation) using suitable genotyped populations and application of systems mapping approaches, as outlined by Sun and Wu (2015) .
In conclusion, the knowledge gained from the largescale investigation of the dynamics of trait formation through non-destructive phenotyping using automated facilities, deep expression profiling using multiplexed RNA-Seq, genome-wide genotyping by high-density marker-arrays or genotyping by sequencing and functional mapping (He et al., 2010; Chen et al., 2014) as well as systems mapping (Sun and Wu, 2015) will enable and strongly accelerate the identification of gene networks and their dynamics, which cause the variation in expression of complex traits. Such knowledge will substantially enable and support the extension of tools of predictive plant breeding.
EXPERIMENTAL PROCEDURES Plant material and phenotyping
The geographic origin of the 261 inbred lines used in this study and further information such as the maturity groups, the breeding subgroups and the germplasm pools they belong to is given in Table S1 . The lines were phenotyped using the IPK automated non-invasive plant phenotyping system for large plants (described in detail in Junker et al., 2015) . Three independent cultivations were carried out in 2011 and 2012 to phenotype the panel in overlapping subsets, with four genotypes included in all three cultivations. Each genotype was replicated at least 12 times, with replicates arranged in blocks of four plants grown in individual pots and placed into one carrier for joint treatment (movement, imaging and watering). Optimizing experimental designs to determine the appropriate number of replicates and also variation between cultivations in the phenotyping system revealed that 12 replicates arranged in blocks of four plants would be adequate and that variation across cultivations could be controlled efficiently (Junker et al., 2015) . Phenotyping of the panel of inbred lines was conducted according to the method described in Junker et al. (2015) using the standard cultivation conditions (constant day/night temperatures of 25/20°C during the entire growth period, 16-h light period from 06:00 to 22:00 h and with supplemental illumination using SonT Agro lamps) with the optimized procedures for water use efficiency determination.
Assessment of plant growth progression
Over a duration of 5 weeks (between 8 and 42 DAS), plants were subjected to a daily imaging routine involving automated capturing of top-and side-view images with the three types of illumination, and camera systems as described in Junker et al. (2015) acquiring near-infra red (NIR), visible light (RGB) and static fluorescence (FLUO) image data. Each carrier was imaged in all three camera systems with two side-views taken at 22°and 112°. Image data were retrieved from the phenotyping system and loaded into the IPK Integrated Analysis Platform (IAP version 0.9; Klukas et al., 2014) for processing through the implemented image analysis pipeline involving image pre-processing, segmentation and feature extraction. Biovolume estimation was carried out using the values of the segmented FLUO images due to lowest noise and calculation of "Volume IAP " using the average of the projected plant area of the two side-views (A side.average ) and the projected top-view plant area (A top.average ) of each carrier according to the following formula (Klukas et al., 2014) :
A quality check was carried out on the data and mislabelled data were removed, and values of duplicate measurements (which occurred due to occasional re-starts of the system at certain measurement days) were averaged. Furthermore, the common imaging days of the three cultivations were maximized and the data of 11 time points were taken for all further analyses from which genotypes with more than 5% missing data across the 11 growth time points were excluded. For four inbred lines (A374, F748, FV353, N25), image-derived data collected in all three cultivations were available in the final data set.
At 42 DAS, each experimental plant was manually harvested by cutting the plant at the soil surface. The harvested plant was immediately manually weighed on a fine-scale balance to obtain its FW. For DW measurements, the harvested plant material was kept in paper bags in a drying oven at 80°C for at least 3 days, and again weighed individually on a fine-scale balance.
Phenotyping validation experiment
For the assessment of the relations between the image-derived biovolume estimations and plant FW and DW, plants were grown and analysed separately from the three phenotyping cultivations of the diversity panel. The five inbred lines B73, N22, P148, PHT77 and SO52 were selected from the dent panel as to represent the widest possible size range and with contrasting plant architecture. Seeds of these genotypes (five replicates per genotype, in two cases only two replicates) were sown weekly over a period of 5 weeks. Seeds were imbibed in water overnight at room temperature and sown in pots (6 cm diameter), and seedlings were transplanted into 5-L pots after 1 week of pre-cultivation. The soil mixture and the climate settings were the same as in the three phenotyping cultivations. After growth periods of 41, 34, 27, 20 and 13 DAS, plants were subjected to top-and side-view imaging (single plant modus, one top-view and four side-views per plant at 22°, 45°, 112°and 135°) in the visible wavelength range (RGB) and static fluorescence imaging (FLUO) in the aforementioned plant phenotyping system. After imaging, plants were cut at the soil level, and FW and DW were determined as described. Image analysis for the acquired 1180 images was performed using IPKs Integrated Analysis Platform (IAP; Klukas et al., 2014) version 2.0.3 using the same image analysis procedure as mentioned above, and "Volume IAP " was calculated also using the values of the segmented FLUO images with the average of the projected plant area of the four side-views (A side.average ) and the projected top-view plant area (A top.average ) of each plant according to the formula given above. The derived values were used to estimate the Pearson moment correlation between the FW and DW values using GenStat Version 18.
Genotype data
The maize lines were previously genotyped with the Illumina 50 k SNP array comprising over 55 000 evenly spaced SNPs distributed across the 10 maize chromosomes (Ganal et al., 2011; Rincent et al., 2012) . Quality filtering of SNP markers was performed excluding those with rates of missing values above 5%, rates of heterozygotes above 5%, and minor allele frequencies smaller than 0.05. In total, 35 682 out of the 55 000 markers passed the quality check and were used for further analyses. After quality check of the genotypic and phenotypic data, nine of the 261 investigated lines were eliminated from further analyses.
Analyses of the genotypic data
We estimated the kinship matrix for the full panel of 252 unique lines as one minus the Rogers' distance (Rogers, 1972) . Rogers' distance was used because it is linearly related to the coefficient of co-ancestry for homozygous lines (Mal ecot, 1948; Melchinger et al., 1991) . Relationships among the 252 genotypes were analysed using hierarchical clustering based on the kinship matrix.
Analyses of the phenotypic data
After testing, we found the environmental influences, such as replicate, lane or lane position, are ignorable for characterizing phenotypic data; therefore, we performed analysis through a one-step linear mixed-model with effects for genotype, cultivation (environment), and interaction of genotype and cultivation (genotype by environment). To estimate variance components, all effects were assumed to be random. Broad-sense heritability (h²) was estimated on an entry-mean basis as
e =R Ã CÞ, where C refers to the number of cultivation overlaps, R is the number of replications, r 2 G denotes the variance of the genotypes, r 2 GÂC refers to the variance of the genotype times cultivation interactions, and r 2 e refers to the residual variance. A second linear mixed-model, in which genotypic effects were assumed to be fixed and all other effects remained random, was used to obtain best linear unbiased estimates (BLUEs) of image-derived biovolume estimates for each line at each time point. Associations between BLUEs of genotypes measured at different time points were examined using the Kendall rank correlation (Kendall, 1955) .
Analyses of dynamic biomass accumulation and production
We studied the dynamics of growth progression by fitting a logistic growth model f(t) = a/1 + be Àct to the image-derived biovolume estimates of the 11 time points using the software Matlab (Arnold, 2002; Paine et al., 2012) . The quality of the fitted logistic growth models was examined estimating the Pearson's correlation coefficients between the values of the growth curves and the BLUEs of the genotypes biovolume estimates separately for the 11 time points. For the further analyses we focused on the inflection point as one of the most relevant and highly heritable parameter of the plant growth model. The inflection point is defined as t 0 = log (b)/c (Arnold, 2002) . Variance components and broad-sense heritability of the inflection point were estimated as outlined above.
Relative growth rates were calculated for the three intervals 11-22 DAS (RGR1), 22-32 DAS (RGR2) and 32-42 DAS (RGR3) according to Poorter and Lewis (1986 ; Table S2 ) as: RGR ¼ ðln G 2 À ln G 1 Þ=ðt 2 À t 1 Þ, where t 1 , t 2 are the start and end time points of the interval, and G 1 , G 2 are the biovolume estimates of plants at time points t 1 , t 2 .
Genomic selection
We used ridge regression best linear unbiased prediction (RR-BLUP; Whittaker et al., 2000) implemented as outlined in detail elsewhere . The RR-BLUP model has the form y = 1 n l + Xg + e, where y is the vector of the BLUEs, 1 n denotes the vector of 1s, l refers to the overall mean, g denotes the vector of marker effects, X stands for the corresponding design matrix, and e corresponds to the residual term of the model. The relevant parameters for RR-BLUP were estimated based on the linear mixed-model outlined above.
We applied fivefold cross-validation, where the Pearson's correlation coefficients between BLUEs and its predicted values based on the determined marker effects were calculated. Accuracy of prediction was estimated standardizing with the square root of the heritability (Lande and Thompson, 1990; Dekkers, 2007) . Sampling of estimation and test sets was repeated 1000 times in each crossvalidation scheme. All calculations were done using the statistical software R 3.1.0 (R Core Team, 2014) and Asreml-R (Butler et al., 2009) if not mentioned otherwise.
Association mapping
We used a standard linear mixed-model approach (Yu et al., 2006) based on the BLUEs of the 252 maize lines estimated within the three cultivations for the 11 time points separately as well as for the inflection point to perform genome-wide association mapping scans. We assumed fixed marker and random genotype effects. We corrected for population stratification with the kinship matrix estimated as one minus the Rogers' distances . Significance of MTAs was tested based on the Wald F statistic. The Bonferroni-Holm procedure (Holm, 1979) was used to detect markers with significant (P < 0.05) main effects. The proportion of the genotypic variance explained by all detected markers (p G ) was estimated using the adjusted R² values fitting a multiple regression standardized by the broad-sense heritability (Utz et al., 2000) . The genetic effect of markers for biovolume of each time point and RGR were estimated by using the linear regression model.
The non-parametric functional mapping approach suggested by Kwak et al. (2016) was implemented to detect marker associations to function-valued traits. B-splines used to smooth the phenotype values of each individual line were derived by the "funqtl" package of R (R Core Team, 2014; https://github.com/ikwak2/funqtl), and the number of basis functions was set to five by the "cvfold" function in this package. Using the selected B-splines, functional PCA was carried out through five principal components, which explained more than 99% of the total variation. Multiple-QTL analysis was carried out according to Kwak et al. (2014) using the SLOD and MLOD scores as well as the HKLOD scores (Knott and Hale, 2000) by the "scanoneM" function. Log10 likelihood ratio (LOD) scores with 1000 permutation test were used to define the significance threshold at the 5% significance level for all three methods.
When considering the covariance between different time points, which could not be expressed by the univariate association mapping, we complemented it by implementing three multivariate mixed models. Based on the BLUEs estimated for the 11 time points, we applied: (i) a model using an unstructured general covariance matrix (US-AM); (ii) a first-order heterogeneous variance auto-regressive model (AR1h-AM); and (iii) a first-order ante dependence model (ANTE-AM; Wolfinger, 1996) . The performance of the models was compared based on the BIC (Schwarz, 1978) . The significance of MTAs was again tested based on the Wald F statistic. The Bonferroni-Holm procedure (Holm, 1979) was used to detect markers with significant (P < 0.05) main effects.
Marker-marker interactions (epistasis) were studied performing a two-dimensional genome scan based on markers with significant main effects. The model included the detected main effect QTL as co-factors as well as the main and interaction effects of the marker pair under consideration (W€ urschum et al., 2011) . For the selection of markers with significant main effects, we corrected for multiple testing using a false discovery rate of 0.05 (Benjamini and Hochberg, 1995) . The significance of MTAs was again tested based on the Wald F statistic. The Bonferroni-Holm procedure (Holm, 1979) was used to detect markers with significant (P < 0.05) epistatic effects. The genotypic variance of the epistatic QTL was obtained as the difference in p G between the full model and a model without the epistatic QTL.
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